Our study explored the application of methods to generalize randomized controlled trial results to a target population without individual-level data. We compared 4 methods using aggregate data for the target population to generalize results from the international trial, Justification for the Use of Statins in Prevention: an Intervention Trial Evaluating Rosuvastatin (JUPITER), to a target population of trial-eligible patients in the UK Clinical Practice Research Datalink (CPRD). The gold-standard method used individual data from both the trial and CPRD to predict probabilities of being sampled in the trial and to reweight trial participants to reflect CPRD patient characteristics. Methods 1 and 2 used weighting methods based on simulated individual data or the method of moments, respectively. Method 3 weighted the trial's subgroup-specific treatment effects to match the distribution of an effect modifier in CPRD. Method 4 calculated the expected absolute benefits in CPRD assuming homogeneous relative treatment effect. Methods based on aggregate data for the target population generally yielded results between the trial and gold-standard estimates. Methods 1 and 2 yielded estimates closest to the gold-standard estimates when continuous effect modifiers were represented as categorical variables. Although individual data or data on joint distributions remains the best approach to generalize trial results, these methods using aggregate data might be useful tools for timely assessment of randomized trial generalizability. There is growing interest in improving the generalizability of randomized controlled trial (RCT) results to real-world populations. RCTs provide protection against confounding; however, participants are often highly selected, leading to differences in some important characteristics between the RCT participants and the target population for whom the treatment would be indicated in the real world. If treatment effects are heterogeneous across these characteristics, the generalizability of the RCT result to the target population is questionable.
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Our study explored the application of methods to generalize randomized controlled trial results to a target population without individual-level data. We compared 4 methods using aggregate data for the target population to generalize results from the international trial, Justification for the Use of Statins in Prevention: an Intervention Trial Evaluating Rosuvastatin (JUPITER), to a target population of trial-eligible patients in the UK Clinical Practice Research Datalink (CPRD). The gold-standard method used individual data from both the trial and CPRD to predict probabilities of being sampled in the trial and to reweight trial participants to reflect CPRD patient characteristics. Methods 1 and 2 used weighting methods based on simulated individual data or the method of moments, respectively. Method 3 weighted the trial's subgroup-specific treatment effects to match the distribution of an effect modifier in CPRD. Method 4 calculated the expected absolute benefits in CPRD assuming homogeneous relative treatment effect. Methods based on aggregate data for the target population generally yielded results between the trial and gold-standard estimates. Methods 1 and 2 yielded estimates closest to the gold-standard estimates when continuous effect modifiers were represented as categorical variables. Although individual data or data on joint distributions remains the best approach to generalize trial results, these methods using aggregate data might be useful tools for timely assessment of randomized trial generalizability. There is growing interest in improving the generalizability of randomized controlled trial (RCT) results to real-world populations. RCTs provide protection against confounding; however, participants are often highly selected, leading to differences in some important characteristics between the RCT participants and the target population for whom the treatment would be indicated in the real world. If treatment effects are heterogeneous across these characteristics, the generalizability of the RCT result to the target population is questionable.
To address this sampling issue and therefore improve generalizability of RCT results, weighting methods have been proposed (1) (2) (3) . Related to propensity score methods, weighting methods predict probabilities of sampling from the target population into the RCT using, for example, multivariable logistic models, and then standardize the RCT participants to be representative of a target population of interest. This approach requires individual-level data for both the RCT and the target population, however. Researchers might not have access to individual data for the target population due to cost, time, or data protection. In contrast, aggregate data for a potential target population can usually be easily retrieved from the literature or publicly available data. Thus, approaches for generalizing RCT results based on aggregate data from the target population could be useful tools for forecasting RCT generalizability in a timely manner.
The objective of this study was to compare several methods of generalizing RCT results to a target population when only aggregate data is available for the target population. We applied these methods in the context of estimating the anticipated rosuvastatin effect for primary cardiovascular prevention in the Clinical Practice Research Datalink (CPRD) using the results from Justification for the Use of Statins in Primary Prevention: an Intervention Trial Evaluating Rosuvastatin (JUPITER). With access to individual data for both the trial and the target population, we were able to compare results using each aggregate-data method to the gold-standard method of using individual-level data.
METHODS

Study population
The JUPITER trial (ClinicalTrials.gov identifier: NCT-00239681) was a multicenter, randomized, double-blind trial. This trial was conducted in 26 countries and randomized 17,802 subjects to receive rosuvastatin 20 mg or placebo daily to prevent cardiovascular disease (4) . Eligible participants were men aged ≥50 years or women aged ≥60 years who had elevated high-sensitivity C-reactive protein (hsCRP) levels but not hyperlipidemia (i.e., hsCRP of ≥2.0 mg/L, low-density lipoprotein cholesterol of <130 mg/dL, and triglycerides of <500 mg/dL). Subjects were excluded if they had a history of cardiovascular disease, diabetes, or cancer. The primary endpoint was the occurrence of a first major cardiovascular event, defined as nonfatal myocardial infarction, nonfatal stroke, hospitalization for unstable angina, arterial revascularization procedure, or confirmed death from cardiovascular causes.
The target population of interest was the population of England who would have been eligible to participate in the JUPITER trial (Web Figure 1 , available at https://academic.oup.com/aje). As a proxy for this population, we used data from the CPRD linked with Hospital Episode Statistics data, and we selected all men aged ≥50 years and women aged ≥60 years with ≥2 years of registration after the practice Up-to-Standard date from January 1, 2001, through April 30, 2014. For each patient, we defined an eligibility period, starting on the date on which the patient met both age and registration-time requirements and ending with the earliest event of the following: diagnosis of cardiovascular disease, diabetes, or cancer; initiation of any lipidlowering agents; death; migration out of general practice; or end of study. Next, 1 visit to the general practitioner during the eligibility period was randomly selected for each patient and was defined as the index date. Patients were excluded if they had cardiovascular disease, diabetes, or cancer or used any lipid-lowering agents before meeting age and registrationtime requirements.
Among all eligible CPRD patients with an index date, we selected only those who had complete data for all relevant measurements and laboratory tests (2.4% of CPRD patients with an index date), including body mass index, smoking status, hsCRP, low-density lipoprotein cholesterol, high-density lipoprotein cholesterol, and serum creatinine. To be consistent with the JUPITER trial, the final target population included those who had a low-density lipoprotein cholesterol level of <130 mg/ dL and elevated levels of hsCRP (≥2.0 mg/L).
Effect modifiers
Concerns about RCT generalizability arise when there remain overt differences in important characteristics between the trial participants and the target population, and these characteristics modify the treatment effects (1, 5) . Thus, the variables selected in this study are potential effect modifiers that are plausibly associated with RCT participation, not factors solely associated with RCT participation or the outcome.
We chose 10 effect modifiers on the basis of having previously been shown to modify the effect of rosuvastatin on the cardiovascular risk (6) (7) (8) and to be plausibly associated with selection into the trial. Sex, current smoking, chronic kidney disease, and use of aspirin and antihypertensive drugs were defined as binary variables. Age, body mass index, hsCRP, high-density lipoprotein cholesterol, and low-density lipoprotein cholesterol values were considered as continuous variables as well as categorical variables, depending on the generalizing method. To simulate CPRD aggregate data similar to those that would typically be publicly available, we summarized the data as means with standard deviations for continuous variables and proportions for binary and categorical variables.
Overall and subgroup-specific treatment effects in the JUPITER trial
In the JUPITER trial, the rosuvastatin effect on the cardiovascular risk was estimated based on the intention-to-treat approach. We used Cox proportional hazard models to estimate the hazard ratio and 95% confidence interval for the comparison of major cardiovascular events between rosuvastatin and placebo groups. We also calculated risk differences and risk ratios at 1, 2, 3, and 4 years after randomization using a nonparametric method accounting for noncardiovascular competing causes of death and obtained 95% confidence intervals based on standard deviations of estimates from 200 bootstraps (9) . We also repeated these analyses in the various subgroups stratified by effect modifiers of interest to obtain subgroup-specific treatment effects.
Cardiovascular risk in the CPRD
The occurrence of cardiovascular disease was defined as hospitalization with the primary discharge diagnosis being for cardiovascular disease or with procedures of arterial revascularization, using data from the linked Hospital Episode Statistics data. Eligible CPRD patients were followed from the index date to the first cardiovascular event. Follow-up ended at the earliest of statin initiation, death, migration out of general practice, or end of study. We used a nonparametric method to calculate the cumulative incidences of cardiovascular disease but did not account for noncardiovascular death as a competing event when estimating cumulative incidences because of lack of data on causes of death.
Methods for generalizing RCT results to a target population
We implemented 4 methods to generalize the results of the JUPITER trial to the target population based on aggregate data of the target population and compared these with the goldstandard method based on individual data of the target population (Table 1 ). Methods 1-2 are based on reweighting the trial population after predicting the probability of being sampled in the trial. Method 3 uses subgroup-specific estimates of treatment effect in JUPITER and aggregate data from the target population. Method 4 uses the overall relative treatment effect from the trial and absolute outcome risk estimates from the target population. Because of the properties of these methods, the gold-standard method and methods 1-3 can be used to estimate the expected relative and absolute effects of rosuvastatin on cardiovascular risk in the target population, while method 4 can be used only to estimate the absolute effect in the target. Because the relative effect is assumed to be constant, it will generalize directly from the trial to the target population.
Gold-standard method: weighting using individual data.
This method used individual data from both JUPITER and CPRD and is considered the gold-standard for comparison. We combined individual data from the JUPITER trial and the target population to estimate the probability of being sampled in the JUPITER trial (P S = 1 ), using multivariable logistic regression models. The logistic models included all effect modifiers of interest, higher-order terms for continuous covariates, and product terms for the joint distribution. We first included age and laboratory test values as continuous variables in the model and repeated modeling after grouping them into categorical variables. After estimating the sampling probability, the sampling weights for the JUPITER trial participants were calculated as the inverse odds of the sampling probability [(1 − P S = 1 ) ÷ P S = 1 ] (10) and scaled by multiplying with the marginal odds of being in the trial so that the pseudo-RCT population had a similar sample size (sum of weights) as the original RCT. Within the weighted JUPI-TER trial, we used Cox proportional hazard models with robust variance to calculate hazard ratios and 95% confidence intervals of the rosuvastatin effect. We also used a nonparametric method to estimate risk differences accounting for competing causes of death other than cardiovascular disease and obtained 95% confidence intervals based on standard deviations of estimates from 200 bootstraps (9). This approach began with individual data from the JUPITER trial and aggregate data from the target population. Given the summary statistics of the effect modifiers and the total number of the target population (n = 6,619), we simulated hypothetical individual data for the target population under a strong assumption of no correlation between the effect modifiers. Details about the simulation setup are provided in Web Appendix 1. All 10 effect modifiers were simulated independently for a sample size of 661,900 to stabilize the sampling distribution. Continuous variables were simulated based on truncated normal distributions to cope with the inclusion/exclusion criteria of the JUPITER trial (e.g., the lower limit for age). With real individual data for the trial and simulated individual data for the target population, we used logistic models to estimate the sampling probability.
We included only main effect terms in the logistic models because adding interaction terms can worsen covariate balance by making the variables appear more uncorrelated in the weighted trial than they were in the true target population (see Web Table 1 ). After estimating the individual sampling probabilities, we calculated sampling weights and estimated the treatment effect within the weighted JUPITER participants as in the gold-standard method.
Method 2: weighting using the method of moments.
Signorovitch et al. (11, 12) proposed this method for indirect comparison between trials with limited availability of individual data. Patients in the trial with individual data were reweighted to have average values of the covariates that match those reported in the target population with aggregate data only. Given that the target population lacks individual data, the coefficients in the logistic models were estimated by the method of moments. The statistical details on using the method of moments to estimate the weights and sample R code have been described previously (12, 13) . After obtaining the weights, we estimated the treatment effect within the weighted JUPI-TER participants as in the gold-standard method.
Method 3: poststratification. This approach applies only to the scenario with binary or categorical effect modifiers and can be used for 1 effect modifier at a time. We used the subgroupspecific treatment effect estimates in the trial and proportions of the categorical effect modifiers in the target population. We calculated the treatment effect for the target population by weighting the average of the stratum-specific treatment effects according to proportions of a given effect modifier in the target population. The 95% confidence interval was obtained based on the pooled standard deviations across strata. We repeated the calculation for each effect modifier separately, and then summarized the poststratification estimates of treatment effect among all effect modifiers by taking the (unweighted) average of the estimated treatment effects. Calculations of relative effect estimates were performed on the natural logarithm scale.
Method 4: expected absolute risk reduction. This method has been described previously in detail (14) (15) (16) . We first obtained the cardiovascular risks in the JUPITER-eligible CPRD patients who were naive to statins. We treated these cardiovascular risks as the baseline risks in unexposed target-population patients. Next, assuming a uniform relative effect of rosuvastatin, we multiplied the cardiovascular risks in the target population by the relative risk from the trial at each time point to obtain the expected absolute risk in the target population if they were exposed to rosuvastatin. The absolute risk reduction associated with rosuvastatin in the target population was then calculated as the absolute difference between the observed risk in the unexposed patients and the expected risk in the exposed patients. For example, given a 1-year cardiovascular risk of 1.4% in the target population and a 1-year risk ratio of 0.61 observed for rosuvastatin in JUPITER, the expected risk was 0.61 × 1.4% = 0.85% if the target population was exposed to rosuvastatin. Thus, the expected risk reduction at 1 year was 0.85% − 1.4% = −0.55 percentage points. The 95% confidence intervals were obtained based on standard deviations of estimates from 200 bootstraps of the JUPITER data.
Estimation of the sampling probability using the method of moments was performed in R, version 3.3.2 (R Foundation for Statistical Computing, Vienna, Austria) (13) ; all other statistical analyses were performed with SAS, version 9.3 (SAS Institute, Inc., Cary, North Carolina). This study was approved by the institutional review board of the University of North Carolina at Chapel Hill, and by the Independent Scientific Advisory Committee for Medicines and Healthcare Products Regulatory Agency database research in the United Kingdom.
RESULTS
During the study period, we identified a total of 6,619 patients in the CPRD who would have been eligible for the JUPITER trial. Compared with the JUPITER participants, the CPRD patients were more likely to be female, younger, less obese, and less likely to be using aspirin but with higher hsCRP and lowdensity lipoprotein cholesterol levels (Tables 2 and 3) . Compared with the participants in JUPITER who were randomized to placebo, the CPRD patients had slightly higher cardiovascular risks at years 1 and 2 but lower risks at years 3 and 4 ( Table 4) .
We show the distribution of effect modifiers after weighting by different methods in Tables 2 and 3 , depending on the form of age and laboratory values considered in the analyses (i.e., continuous or categorical variables). Both the gold-standard method (weighting using individual data) and method 2 (weighting using the method of moments) reweighted the JUPITER trial participants to resemble the CPRD population with respect to effect modifiers marginally. However, method 1 (weighting using simulated individual data) had overt imbalance between the CPRD and the weighted JUPITER trial population. Figure 1 compares the hazard ratios of the rosuvastatin effect on cardiovascular prevention after implementing different methods of generalizing RCT results. Compared with the treatment effect observed in JUPITER (hazard ratio = 0.56, 95% confidence interval (CI): 0.46, 0.69), the expected treatment effects in the target population were attenuated with the gold-standard method and were similar between the scenarios in which we included age and laboratory values as continuous (hazard ratio = 0.65, 95% CI: 0.46, 0.91) or as categorical variables (hazard ratio = 0.66, 95% CI: 0.48, 0.91). Similarly, methods 1 and 2 also yielded attenuated treatment effects when age and laboratory values were included as categorical variables, with hazard ratios of 0.63 (95% CI: 0.47, 0.86) and 0.62 (95% CI: 0.46, 0.83), respectively. In contrast, when age and laboratory tests were considered as continuous variables, the hazard ratio estimates were close to the estimates observed in the JUPITER trial. In method 3 (poststratification), the estimated hazard ratios varied according to the effect modifiers, ranging from 0.52 to 0.58, and the average hazard ratio was 0.55, which was also close to the JUPITER trial estimates. Figures 2 and 3 show the generalized results of the absolute benefits of rosuvastatin. Based on the gold-standard method, the absolute benefit of rosuvastatin was muted in the first 2 years of follow-up and began to emerge afterwards. Method 1 
Individual data
Gold-standard (weighting using individual data): First, predicting the probability of being eligible for JUPITER using multivariable logistic models and reweighting the JUPITER participants to reflect the patient characteristics in the target population. Next, estimating absolute and relative treatment effects within the weighted JUPITER trial.
Method 1 (weighting using simulated individual data): Simulating hypothetical individual data based on aggregate data for target population and using gold-standard weighting method to estimate treatment effect.
Method 2 (weighting using the method of moments): Using the methods of moments to estimate the weights and then estimating treatment effect within the weighted JUPITER.
Aggregate data None Method 3 (poststratification): Computing weighted treatment effect estimate by reweighting subgroup-specific treatment effects in JUPITER based on the distribution of a given effect modifier in the target population.
Method 4 (expected absolute risk reduction):
Multiplying the observed outcome risk in the target population who were unexposed to statins by the relative treatment effect in JUPITER to obtain the expected risk in the target population if they were exposed to rosuvastatin. Next, calculating the expected absolute treatment effect in target population by subtracting the risk in the target population who were unexposed to statins from the expected risk if the target population were exposed to statins. Abbreviations: ASMD, absolute standardized mean differences; BMI, body mass index; CKD, chronic kidney disease; CPRD, Clinical Practice Research Datalink; HDL-C, high-density lipoprotein cholesterol; hsCRP, high-sensitivity C-reactive protein; JUPITER, Justification for the Use of Statins in Primary Prevention; LDL-C, low-density lipoprotein cholesterol; SD, standard deviation.
a The gold-standard method used individual data from both JUPITER and CPRD to estimate predicted probabilities of being sampled in JUPITER and reweight the JUPITER population to reflect CPRD patient characteristics. The distributions of sampling probabilities and weights based on the gold-standard method are presented in Web Figure 3 and Web Table 4 . The mean (SD) of sampling weights based on the gold-standard method was 1.00 (0.99). Methods 1 and 2 used weighting methods based on simulated individual data (method 1) or the method of moments (method 2) to estimate the sampling weights.
b ASMD in baseline characteristics was calculated between the CPRD and the unweighted or weighted JUPITER trial, using SAS macro stddiff% (SAS Institute, Inc., Cary, North Carolina) (23 with categorical laboratory and age values and method 2 also showed similar trends, but not method 1 with continuous age and laboratory values or method 3 ( Figure 3 ). Method 4 (expected absolute risk reduction) first estimated the expected risk in the target population if they were exposed to rosuvastatin, which is presented in Table 4 , and the estimated risk reduction showed stronger benefits than the JUPITER trial estimates in the first 2 years and weaker benefits afterwards (Figure 2 ).
DISCUSSION
Our study explored the application of weighting and nonweighting methods to generalize RCT results in the absence of individual data for the target population. These 4 methods based on aggregate data for the target population were compared with the gold-standard approach, based on individual data for the target population, to estimate the anticipated treatment effect of rosuvastatin on cardiovascular risk in the English population who would have been eligible for the JUPITER trial. The goldstandard method showed that the effects of rosuvastatin on reducing cardiovascular risk were attenuated but remained after generalizing to the target population. We found that methods based on aggregate data for the target population generally yielded results somewhere between the RCT and the goldstandard estimate. Among these methods, weighting methods using simulated individual data (method 1) and the method of moments (method 2) led to the closest estimates when considering effect modifiers as binary or categorical variables. Abbreviations: ASMD, absolute standardized mean differences; BMI, body mass index; CKD, chronic kidney disease; CPRD, Clinical Practice Research Datalink; HDL-C, high-density lipoprotein cholesterol; hsCRP, high-sensitivity C-reactive protein; JUPITER, Justification for the Use of Statins in Primary Prevention: an Intervention Trial Evaluating Rosuvastatin; LDL-C, low-density lipoprotein cholesterol.
a The gold-standard method used individual data from both JUPITER and CPRD to estimate predicted probabilities of being sampled in JUPI-TER and reweight the JUPITER population to reflect CPRD patient characteristics. The distributions of sampling probabilities and weights based on the gold-standard method are presented in Web Figure 3 and Web Table 4 . The mean (standard deviation) of sampling weights based on the gold-standard method was 0.99 (1.27). Methods 1 and 2 used weighting methods based on simulated individual data (method 1) or the method of moments (method 2) to estimate the sampling weights.
b ASMD in baseline characteristics was calculated between the CPRD and the unweighted or weighted JUPITER trial, using SAS macro stddiff % (SAS Institute, Inc., Cary, North Carolina) (23) .
c Weight (kg)/height (m) 2 .
Three key assumptions need to be considered when implementing the weighting method with individual data as the goldstandard method. First, we assumed no unmeasured effect modifiers. Based on previous literature, we have captured most of the potential effect modifiers. Second, we assumed that we correctly specified the logistic models used to predict the sampling probability. Because the true models are unknown, we have included all possible 2-way interactions and have assessed the models by examining marginal balance of covariates. The third assumption was that no patient in the target population had zero probability of being sampled into the RCT (i.e., positivity assumption). We acknowledge the possibility of violating this assumption. We have therefore followed the JUPITER trial's stringent inclusion and exclusion criteria to select a target population who would have been eligible for the JUPITER trial.
Weighting methods using simulated individual data (method 1) and the method of moments (method 2) showed discrepant results between the scenarios when we considered age and laboratory test results as continuous versus categorical variables in the analysis. We are not aware of literature exploring the impact of variable type on generalizing trial results, but we speculate that these differences are likely due to failure to replicate true variable distributions. Mean and standard deviation are commonly used to describe the distribution of continuous variables, but they describe the distribution well only for a normally distributed variable. Thus, for not-normally distributed variables, we are unable to reweight the trial participants to match the actual distributions in the target population in the absence of individual data, despite achieving the same mean and standard deviation between the weighted trial and target population. To investigate this further, we examined the distribution of age before and after weighting in our study and present the histograms in Web Figure 2 . In the target population, age is not normally distributed, with 2 peaks at 50 and 60 years because of different age-inclusion criteria between the sexes in JUPITER. The gold-standard method based on individual data reweighted the JUPITER participants to have the same distribution of age as the target population; however, methods 1 and 2 failed to do so. In contrast, the discrete distribution for a binary or categorical variable can be successfully matched between the weighted trial and the target population without individual data. Categorization of continuous variables might be an issue when there remains residual heterogeneity within the category (17) . We categorized age in 5-year intervals and categorized laboratory test results based on a priori clinical input to minimize residual heterogeneity within the category.
Weighting methods based on aggregate data are inevitably limited in the ability to match multidimensional distributions of effect modifiers between the weighted trial and target population due to lack of individual data or data on joint distributions. Although weighting methods involving parametric modeling require the assumption of correct model specification (18) (19) (20) , covariate balance in joint distributions is rarely assessed in confounding control. However, covariate balance in joint distributions is important because the goal here is to reweight RCT participants to the target population on all effect modifiers, including those specific to a certain covariate pattern. We examined the variable balance in subgroups stratified by sex after reweighting the RCT participants to have similar marginal distributions of variables as the target population (Web Tables 2 and 3 ). We found that covariates remained balanced after stratifying by sex in the gold-standard method but worsened dramatically in methods 1 and 2. Individual data or data on joint distributions of relevant effect modifiers are needed to overcome this limitation.
Under the assumption of no correlation between effect modifiers, we simulated individual data in method 1. Little is known about the impact of correlation on generalizing RCT results. Although correlation between variables might not affect certain methods of confounding control (21) , correlation might create interaction in the logistic regression models of predicting sampling probabilities, affecting the estimates in generalizability of RCT results. Thus, future study is warranted to incorporate correlation between covariates in simulations. Additionally, given that hsCRP is not a common clinical test in general practice, selecting the CPRD patients with complete data as the target population might have led to biased estimates of the generalized treatment effect (22) . Poststratification (method 3) can be considered another form of weighting to assess the generalizability of RCT results by reweighting the subgroup-specific treatment effects to match the distribution of those subgroups in the target population. The major limitation for this method is that it works only for categorical variables. In addition, while lacking individual data or data on joint distributions, this method standardizes only for the distribution of one effect modifier at a time. We then used the average of the estimates poststratified by effect modifiers as the overall estimate. Although we found that the estimates from poststratification varied considerably according to effect modifiers, the average was very close to the JUPITER original estimate. Our results indicate that the range of poststratified estimates across effect modifiers, rather than the average, might be more informative to understand the generalizability of RCT results when lacking individual data on the target population. This method might be particularly useful when there is a strong effect modifier or as a way to identify effect modifiers that could substantially influence generalizability of RCT results.
Of greater clinical interest, a simple method has been proposed and advocated to estimate the expected absolute treatment effect as a function of baseline risk in the target population (method 4) (14, 15) . This method assumes a homogeneous treatment effect on the relative scale within and across the populations. Although it conflicts with the fundamental hypothesis of heterogeneity in our study, this method is easy to implement and to interpret but requires data on the absolute risk for the outcome of interest in the target population. It could be a quick tool for clinicians in combination with, for example, a Framingham risk score, but it might not be the optimal approach to assess the generalizability of randomized trial results. Our study using the JUPITER trial as an example provides evidence on heterogeneous treatment effect on both the relative and absolute scale. In addition, ideally, this method requires the same definition of the outcome in the trial and target population, which might be improbable when relying on previous publications to get baseline risks in the target population.
In theory, all these generalizing methods are easily implemented given wide availability of aggregate data on potential target populations. In practice, however, it will often be difficult to obtain aggregate data from the target population that match the trial's inclusion and exclusion criteria exactly, thus violating the positivity assumption. Based on our results, weighting methods using simulated individual data (method 1) and the method of moments (method 2) are preferred but require more complex programming techniques. Although the performance of the generalizing methods based on aggregate data depends on the achieved covariate balance and the relationship between these effect modifiers and treatment effects, our study shows that we should avoid using continuous variables when implementing weighting methods based on aggregate data because of difficulties in understanding actual distributions without individual data. In some circumstances, where a strong effect modifier is suspected or complex programming is not possible, poststratification (method 3) and expected absolute risk reduction (method 4) should be considered.
In conclusion, our study demonstrates the possibility of generalizing trial results to target populations even in the absence of individual data on the target population using a single case study. These methods, using aggregate data about the target population, could be useful tools for timely assessment of RCT generalizability, including to individual patients in clinical care, although use of individual data or (at a minimum) data on joint distributions remains the best approach to generalize the RCT results to target populations.
